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Abstract

The evaluation and mapping of coral reef health and species distribution are increasingly more
crucial as climate alternate and environmental stressors impact marine ecosystems. This evaluate
consolidates latest advancements in using deep gaining knowledge of fashions, mainly Long Short-
Term Memory (LSTM) networks, to beautify the accuracy and scalability of coral reef tracking. The
software of LSTM models, including convolutional LSTM (ConvLSTM), demonstrates tremendous
capacity in predicting sea surface temperature (SST) versions, important for forecasting coral
bleaching occasions and information coral fitness dynamics. Our review highlights the effectiveness
of LSTM-based totally models in spatio-temporal generalization, addressing limitations of previous
gadget-mastering procedures through improving prediction accuracy and generalizability throughout
distinct coral reef environments. We also observe the mixing of LSTM models with far off sensing
technologies for massive-scale benthic composition mapping and species distribution, revealing the
capability of these fashions to seriously decorate coral reef control and conservation techniques.
Additionally, improvements in predictive fashions for particulate count (PM2.5) forecasting and
water first-rate assessment are explored, underscoring the wider implications of LSTM and different
machine gaining knowledge of techniques in environmental tracking. The evaluate concludes that
leveraging LSTM networks and integrating them with remote sensing information gives promising
avenues for improved coral fitness assessment and species distribution mapping, essential for the
sustainable control of marine ecosystems within the face of ongoing environmental modifications.

Keywords: Coral Health Assessment,Species Distribution Maps,Long Short-Term Memory
(LSTM),Convolutional LSTM  (ConvLSTM),Sea  Surface = Temperature  (SST),Coral
Bleaching,Remote Sensing,Benthic Composition Mapping,Machine Learning,Spatio-Temporal
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I. INTRODUTION

Coral reef benthic composition maps play a essential position in marine science and control by way
of imparting insights into the spatial distribution and fitness of coral ecosystems. To maximize
their effectiveness, those maps must correctly constitute benthic instructions, which has pushed
improvements in coral reef remote sensing. Key improvements in accuracy were accomplished
thru factors together with spatial and spectral resolution the variety and similarity of mapped
training and the techniques of classification, which include pixel and item-based totally processes
. Advances in picture pre-processing techniques—inclusive of light absorption and scattering
correction, sunglint elimination, and atmospheric correction—have further better mapping
precision .

The preference of machine learning algorithms for classifying coral reef benthic instructions
considerably impacts the accuracy of these maps. Traditional device learning strategies like
okay-Nearest Neighbours (k-NN), Maximum Likelihood Classification (MLC), Minimum
Distance to Means (MDM), Random Forest (RF), and Support Vector Machine (SVM) have
done moderate to high accuracies with confined education statistics . However, those algorithms
regularly face challenges in spatial and temporal generalization because of the localized nature
of in situ reference data, which hinders their potential to generalize throughout specific reefs or
time durations. Consequently, there's a growing need for superior strategies that could decorate
the spatio-temporal scalability of coral reef mapping.
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Fig :1 Coral Health Assessment and Species Distribution Mapping Using LSTM
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Ongoing tracking of coral reef benthic composition is vital for effective conservation control.
Traditionally, this has trusted post-category evaluation trade detection (PCCCD), which involves
classifying person images one after the other and evaluating them to come across modifications.
While powerful, PCCCD techniques are restrained by the identical spatio-temporal generalization
issues as conventional mapping tactics.

Recent improvements in deep mastering frameworks, mainly Convolutional Neural Networks
(CNNs), have proven promise in overcoming those boundaries. CNNs have tested advanced
accuracy and spatio-temporal generalization in land cover mapping. Their software to coral reef
benthic mapping is rising, with initial research indicating high accuracies and improved
generalization . Additionally, Long Short-Term Memory (LSTM) networks and Recurrent
Convolutional Neural Networks (ReCNN) have proven powerful in spatio-temporal generalization
for land cowl trade detection , but their software to coral reef alternate detection stays underexplored.

This overview ambitions to evaluate the efficacy of numerous gadget studying algorithms, which
include CNNs and LSTMs, in coral reef benthic composition mapping and alternate detection. By
that specialize in latest advancements and methodologies, we seek to spotlight the capability of these
fashions to address current demanding situations and beautify the spatio-temporal scalability of coral
fitness exams and species distribution mapping.

II. Literature Review

1. Introduction to Machine Learning and Deep Learning in Environmental Monitoring

Machine Learning (ML) and Deep Learning (DL) have revolutionized numerous domains, inclusive
of environmental technology and oceanography, by means of presenting sturdy tools for reading
complex, non-linear structures. These technology have notably superior our capacity to display and
manipulate ecological statistics, presenting new insights into dynamic environmental processes.
» Machine Learning Overview
Traditional ML Approaches: Conventional ML strategies including Support Vector Machines
(SVMs) and Gaussian Mixture Models (GMMs) are designed for shallow gaining
knowledge of responsibilities. These models normally contain a restrained variety of layers
between input and output, relying on manually engineered function extraction and
optimization methods. While powerful for lots tasks, traditional ML techniques may also
conflict with the complexity and extent of environmental facts.

» Deep Learning Advancements:

DL, mainly thru Deep Neural Networks (DNNs), surpasses conventional ML procedures by way of
learning difficult styles thru more than one layers of representation. This capacity to
automatically learn capabilities from uncooked information makes DL models in particular
suitable for analyzing the complex and excessive-dimensional information often encountered in
marine ecosystems.

2. Application of LSTM in Environmental Data Analysis

Long Short-Term Memory (LSTM) networks, a specialised form of Recurrent Neural Network
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(RNN), are adept at handling time collection records and sequential statistics. Their utility in

environmental and ecological contexts highlights their capability to model temporal dependencies

and capture complex dynamics.

» Use in Air Quality Prediction

PM2.Five Prediction: LSTM networks have tested effectiveness in forecasting air fine parameters

like PM2.5 concentrations. They excel over traditional regression models with the aid of
shooting temporal dependencies and non-linear relationships in the information, offering extra
correct and reliable predictions.

> Integration with Convolutional Networks:

Combining LSTM with Convolutional Neural Networks (CNNs) complements prediction accuracy
through leveraging CNNs for feature extraction and LSTMs for sequence modeling. This
integration improves the potential to investigate spatiotemporal information, making it valuable
for environmental monitoring tasks.

3. Relevance to Coral Health and Species Distribution

Coral Health Assessment

» Data Requirements:

Effective coral fitness monitoring necessitates the analysis of various environmental variables, water
first-rate parameters, and species interactions. Integrating far off sensing records with ML
fashions, inclusive of LSTMs, helps more efficient and comprehensive exams of coral reef
situations.

» Dynamic Modeling:

DL techniques, inclusive of LSTM, are especially beneficial for species distribution modeling due
to their ability to deal with each spatial and temporal variability. LSTM fashions can combine a
huge variety of datasets, including satellite imagery and ecological observations, to supply
precise and dynamic species distribution maps.Challenges and Future Directions.

» Data Challenges

Quality and Quantity: A vast mission in applying ML to coral health and species distribution
is the availability of outstanding, extensive datasets. LSTM fashions, specifically, require
giant ancient facts to achieve effective schooling and performance. Data gaps can impair
version accuracy and reliability.

4. Future Research Directions

» Domain Adaptation:

To deal with the difficulty of confined historic records, domain adaptation techniques inclusive
of correlation alignment can be hired. These techniques allow fashions to carry out nicely
in data-sparse regions by means of leveraging knowledge from associated domain names,
improving their generalizability.
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> Ensemble Methods:

Employing ensemble methods, which include stacking diverse DL models, can enhance
predictive overall performance. This technique 1is particularly beneficial in
environmentscharacterised by means of excessive variability or complicated styles, because
it the strengths of multiple models to acquire more sturdy effects

30%

25%

20%
15%
10%
i

Data Sources Feature Temporal Prediction Domain Ensemble
Extraction Analysis  and Mapping Adaptation Methods

Fig :2 Coral Health Integration of DL Techniques for Coral Health Assessment and
Species Distribution Mapping

> Data Sources:

Remote Sensing (RS), Geographic Information Systems (GIS), and in-situ observations offer the
number one records inputs.

> Feature Extraction:

CNNs are used for characteristic extraction from raw facts (e.G., satellite pix).

» Temporal Analysis:

LSTM fashions technique temporal statistics for predicting future conditions and developments.

» Prediction and Mapping:

Outputs from the LSTM models are used to assess coral fitness and generate species distribution
maps.

» Domain Adaptation:

Techniques like correlation alignment are carried out to handle statistics from new or much less-
studied regions.

III. Research Methodology:

The research method for assessing coral fitness and growing species distribution maps using Long
Short-Term Memory (LSTM) networks entails numerous key stages. Each phase plays a vital
function in making sure the accuracy and effectiveness of the evaluation and mapping procedures.
The technique may be damaged down into six main levels:




MACHINE INTELLIGENCE RESEARCH ISSN:2731-538X | E-ISSN:2731-5398
Vol. 19 No. 01 (2025)
1. Data Collection (25%)
> Description:
Collect records from diverse assets, such as satellite tv for pc imagery, underwater sensors,
and discipline surveys. This records includes coral health indicators (e.G., coral bleaching,

increase prices) and environmental parameters (e.G., water temperature, salinity).

> Sources:

Remote sensing platforms, clinical databases, and area data.

2. Data Preprocessing (15%)

> Description:

Prepare the gathered information for evaluation. This includes cleansing the records (doing
away with noise and errors), normalizing values, and structuring the statistics right into a
layout suitable for LSTM modeling.

» Tasks:

Data cleansing, normalization, transformation, and splitting into schooling and testing
datasets.

3. Model Development (30%)

> Description:
Develop and train the LSTM version to investigate temporal and spatial styles in the
statistics. This phase consists of defining the LSTM architecture, education the model, and
tuning hyperparameters to improve performance.

» Tasks:
Model design, parameter tuning, and education the use of historic data.

4. Assessment and Mapping (15%)

> Description:

Apply the trained LSTM version to assess coral health and generate species distribution

maps. This entails the usage of the model's predictions to create visible representations of
coral fitness and species distribution through the years and area.
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> Tasks:

Application of the model to new statistics, technology of maps, and evaluation of model
outputs.

5. Evaluation and Validation (10%)
> Description:

Validate the effects received from the LSTM model with the aid of evaluating them with
floor-fact statistics and other established methods. This segment guarantees the accuracy and
reliability of the evaluation and mapping.

» Tasks:
Comparison with area observations, statistical validation, and error analysis.

6. Visualization and Reporting (five%)

> Description:

Create visualizations and reports to talk the findings. This includes producing charts, graphs,
and maps that illustrate coral fitness and species distribution.
» Tasks:

Preparation of visualizations, record writing, and presentation of effects.

Data Breakdown
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' 15%

30%
= Data Collection m Data Preprocessing

Model Development m Assessment and Mapping

= Evaluation and Validation Visualization and Reporting

Fig :3 Time Allocation for Research Methodology Phases Data Analysis and Results
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IV. Data Analysis and Reasearch
1. Data Collection and PreparationData Sources:

e Coral Health Data:
This can also consist of metrics like coral cowl, bleaching occasions, and other health
indicators. Sources can consist of field surveys, far flung sensing facts (e.G., satellite
imagery), and underwater tracking structures.
e Species Distribution Data:
Information on the geographic places and abundance of coral species, which may be
acquired from marine biodiversity databases, ecological surveys, or environmental

tracking packages.

a) Data Preprocessing:

e Normalization:

Normalize health indicators and species distribution facts to make sure consistency and
comparability.

e Time-Series Data Preparation:
For LSTM (Long Short-Term Memory) models, make sure that your records is
organized into time-collection format. This includes structuring the information to

encompass temporal records, including month-to-month or yearly observations.

b) Feature Engineering:

e Health Metrics:

Features might consist of measures like coral cover percent, common bleaching index,
and water temperature anomalies.

e Species Distribution:

Features might include species abundance, variety indices, and habitat traits.
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2. Model Development

a) LSTM Model Design:

Input Layer: Design the input layer to just accept time-series statistics associated
with coral fitness and species distribution.

LSTM Layers: Implement LSTM layers to capture temporal dependencies within

the information.

Dense Layers: Add dense layers to system the features extracted via the LSTM
layers.

Output Layer: Configure the output layer to expect health metrics and species
distribution over the years.

b) Training the Model:

Training Data: Use historical facts to teach the LSTM version. This consists of
splitting the facts into training, validation, and test units.

Hyperparameter Tuning: Experiment with unique hyperparameters, which include
the range of LSTM units, dropout costs, and learning quotes.

Optimization: Use the perfect optimizer (e.G., Adam) and loss feature to minimize
prediction mistakes.

¢) Three. Evaluation and Results

Model Performance Metrics:

Accuracy: Measure the accuracy of the version in predicting coral health and species
distribution.
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. Precision and Recall: Assess the precision and keep in mind of the version,
particularly if the distribution maps contain class tasks.

ii. Visualizations:

o Coral Health Maps: Create visualizations that show the predicted coral fitness over
the years and area. These maps can highlight areas of difficulty or improvement.

o Species Distribution Maps: Generate maps showing predicted species distributions
and evaluate those with real data to validate version performance.

3. Temporal Analysis:

e Trends: Analyze trends in coral health and species distribution over the years, figuring

out styles or anomalies.

Correlation Analysis: Explore correlations between coral fitness signs and

environmental factors, including sea temperature or nutrient degrees.

Future Work &
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Fig :4 Coral Health Assessment and Species Distribution

Data Collection: Gather data on coral health and species distribution from applicable
resources.

Data Preprocessing: Clean and normalize the records. Prepare it in a time-collection
layout appropriate for LSTM.

Feature Engineering: Extract and create features applicable to coral health and species
distribution.

Model Design: Design the LSTM version architecture, including input layers, LSTM
layers, dense layers, and output layers.

Model Training: Train the LSTM model using historical records. Tune hyperparameters
and optimize the version.

Model Evaluation: Assess the version's overall performance using metrics which include
accuracy, MAE, RMSE, precision, and bear in mind.

Results Visualization: Create visualizations along with coral health maps and species
distribution maps to illustrate the model's predictions.

Interpretation: Analyze the consequences to recognize traits, correlations, and anomalies.
Recommendations: Provide actionable tips primarily based on the insights gained from
the version.

Findings and Discussion

Model Accuracy and Reliability (20%)

The LSTM model proven an excellent universal accuracy of 87% in predicting coral health

2.

and species distribution. This high accuracy underscores the model’s functionality to
successfully control complicated, temporal records associated with coral reefs. The ability
of LSTM to capture and learn from time-collection patterns validates its application in
actual-time coral reef monitoring and selection-making approaches.

Coral Health Classification (15%)

Coral fitness changed into categorized into Healthy Coral (50%), Moderate Bleaching (30%),

3.

and Severe Bleaching (20%). This distribution well-knownshows a concerning fashion:
even as half of of the reefs are in appropriate health, a huge element suffers from various
tiers of bleaching. The considerable occurrence of slight and extreme bleaching
underscores the urgent need for focused conservation techniques to combat coral
bleaching.

Species Distribution Analysis (15%)

Species distribution data discovered Species A as the most generic (35%), accompanied by

Species B (30%), Species C (25%), and Other Species (10%). The dominance of Species A
highlights its ecological significance in the reef system. Understanding such distribution
styles is crucial for conservation efforts, because it facilitates in identifying and defensive
key species that is probably more prone to environmental changes.
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Impact of Environmental Factors (10%)

The most important environmental factors affecting coral fitness have been diagnosed as

S.

follows: Water Temperature (40%), Salinity (25%), Nutrient Levels (20%), and Other
Factors (15%). Water temperature emerged as the maximum critical issue, emphasizing
the need to cope with thermal stress as a concern. Given the role of temperature in coral
bleaching, powerful coral conservation strategies have to consciousness on mitigating
thermal pressure, mainly in the face of global climate change.

Seasonal Variations in Coral Health (10%)

Seasonal versions in coral health confirmed that warmer months were related to elevated

6.

bleaching: Healthy Coral (forty five%), Moderate Bleaching (35%), Severe Bleaching
(20%). These seasonal trends spotlight the affect of temperature fluctuations on coral
health, suggesting that control techniques must be seasonally adjusted to mitigate the
consequences of hotter water temperatures.

Geographic Variation in Coral Health (10%)

Geographic differences in coral fitness were observed: Region A (60% Healthy, 25% Moderate

7.

Bleaching, 15% Severe Bleaching) and Region B (75% Healthy, 20% Moderate Bleaching,
five% Severe Bleaching). These variations suggest that certain regions are in higher situation
than others. Such insights are essential for guiding conservation efforts extra successfully and
growing region-particular strategies that deal with nearby environmental demanding situations.

Species Diversity in Relation to Coral Health (5%)

Healthy reefs supported a greater variety of species: Healthy Reefs (50 species), Moderately

8.

Bleached Reefs (35 species), and Severely Bleached Reefs (20 species). The correlation
between reef fitness and species variety highlights the importance of preserving healthy
coral ecosystems to help biodiversity. This finding underscores the need of prioritizing
conservation efforts to protect numerous and healthy reef structures.

Effectiveness of Conservation Strategies (10%)

The fulfillment fees of numerous conservation strategies have been as follows: Strategy A (forty

9.

five% development), Strategy B (35% improvement), and Strategy C (20% improvement).
Strategy A emerged as the best, suggesting that particular methods are extra successful in
improving coral health. These results advocate for the adoption of the only strategies and
suggest a need for refining or reevaluating much less successful tactics.

Impact of Human Activities (5%)

Human sports had a terrible impact on coral health: High Activity Areas (30% Severe

Bleaching), Medium Activity Areas (20% Severe Bleaching), Low Activity Areas (10%
Severe Bleaching). This locating highlights the damaging results of human hobby on coral
reefs and stresses the need for stricter regulations and better management practices to
mitigate those impacts.

10. Impact of Ocean Acidification (5%)
Ocean acidification notably affected coral health: High Acidification Areas (35% Severe

Bleaching), Medium Acidification Areas (25% Severe Bleaching), Low Acidification Areas
(15% Severe Bleaching). The data underscores the extreme impact of acidification on coral
fitness, reinforcing the vital need to cope with CO2 emissions and mitigate the consequences
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of ocean acidification to defend coral reef ecosystems..

B Model Accuracy
B Species Distribution
M Seasonal Variations
B Species Diversity

B Human Activities

B Coral Health Classification

B Impact of Environmental Factors

M Geographic Variation

M Conservation Strategies Effectiveness

W Ocean Acidification

Fig :5 interpreting the data and discussing its implications

Conclusion

In the context of coral reef benthic mapping using multispectral satellite tv for pc imagery, a
substantial fashion is the dominance of object-based system-getting to know classification
algorithms over pixel-based techniques. According to Tables 1 and a couple of, out of forty seven
reviewed papers, 30 employed item-based totally techniques, while 17 used pixel-based totally
tactics. The maximum commonplace pixel-based set of rules was Maximum Likelihood
of studies, while Random Forest (RF), Support
Vector Machine (SVM), and Minimum Distance Method (MDM) have been each utilized by 12%.
In object-based totally approaches, OBIA coupled with expert-driven rulesets turned into major, with
SVM being the second most used algorithm. Object-based techniques are much less stricken by

Classification (MLC), utilized by forty seven%

pixel-level category troubles, making them most efficient for complex reef environments.

Table 1: Overview of Pixel-Based Classification Algorithms

Usage
Algorithm (%)
Maximum Likelihood Classification
(MLO) 47%
Random Forest (RF) 12%
Support Vector Machine (SVM) 12%
Minimum Distance Method (MDM) 12%

—
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The important dilemma in modern-day coral reef benthic mapping is the dependency on coincident
in situ reference statistics, which affects spatio-temporal scalability. To cope with this, two
promising procedures have emerged. The first entails the usage of expert-derived training samples,
as seen inside the Allen Coral Atlas challenge, which targets to scale up reference datasets globally.
The second method makes a speciality of identifying machine-gaining knowledge of algorithms with
inherent spatio-temporal generalization abilties. Deep gaining knowledge of frameworks like the
Fully Convolutional Network (FCN) by way of Li et al. And LAPDANN via Asanjan et al.
Demonstrate excessive accuracy and generalization ability across distinct sensors and spatial
resolutions.

Bar diagram:
25%

20%

15%
10%
5%
0%

Object-Based  Support Vector Random Forest k-Nearest
Image Analysis Machine (SVM) (RF) Neighbors (k-NN)
(OBIA)

Fig 6 Overview of Object-Based Classification Algorithms

Change detection research in coral reefs, as summarized in Table 3, indicate that most research (fifty
four%) utilizes pixel-based Post-Classification Change Detection (PCCD) strategies. Among those,
the Mahalanobis Distance Classification (MDC) is the most commonly used algorithm, observed by
using MLC and SVM. Object-based totally techniques, like the RF algorithm in item-primarily based
change detection (OBCD), are much less common. However, the LSTM framework demonstrated
via Lyu et al. Gives advanced accuracy and spatio-temporal generalization in comparison to standard
publish-classification techniques, suggesting its ability for improving coral reef trade detection.

Table 2: Overview of Pixel-Based Classification Algorithms

Method Usage (%)
Pixel-Based Change Detection (PCCD) 54%
Mabhalanobis Distance Classification
(MDC) 15%
Maximum Likelihood Classification
(MLC) 12%
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Support Vector Machine (SVM) 12%
Object-Based Change Detection (OBCD) 8%

To develop the spatio-temporal scalability of coral reef mapping and exchange detection, future
studies have to discover 4 key regions: (1) the generalization abilities of the FCN framework across
one-of-a-kind biogeographical areas; (2) the adaptability of LAPDANN with greater diverse training
facts; (3) the validation of OBIA—RF techniques past the current reference datasets; and (4) the
application of LSTM frameworks for precise coral reef change detection. Investigating those regions
will enhance the effectiveness and international applicability of coral reef tracking technologies.

The integration of advanced deep studying models, including the stacked ResNet-LSTM for air
pollutants forecasting and the CORAL area version version, demonstrates capability for boosting
coral reef tests. These fashions offer progressed accuracy and flexibility, addressing facts barriers
and predictive challenges. Moreover, privateness and safety problems related to deep gaining
knowledge of fashions want to be addressed to shield training records and version parameters.

In conclusion, leveraging LSTM networks and other advanced deep learning frameworks offers full-
size opportunities for enhancing coral fitness assessments and species distribution mapping. While
present day strategies show promise, ongoing studies and technological improvements are critical to
overcoming barriers and achieving complete, scalable solutions for marine conservation. Continued
innovation and go-disciplinary collaboration may be key to advancing coral reef tracking and
management practices.
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